We present a vessel and target-specific positive mathematical programming model (PMP) for Hawaii's longline fishing fleet. Although common in agricultural economics, PMP modeling is rarely attempted in fisheries. To demonstrate the flexibility of the PMP framework, we separate tuna and swordfish production technologies into three policy relevant fishing targets. We find the model most accurately predicts vessel-specific annual bigeye catch in the WCPO, with an accuracy of 12% to 35%, and a correlation between 0.30 and 0.53. To demonstrate the model's usefulness to policy makers, we simulate the economic impact to individual vessels from increasing and decreasing the bigeye catch limit in the WCPO by 10%. Our results suggest that such policy changes will have moderate impacts on most vessels, but large impacts on a few generating a fat tailed distribution. These results offer insights into the range of winners and losers resulting from changes in fishery policies, and therefore, which policies are more likely to gain widespread industry support. As a tool for fishery management, the calibrated PMP model offers a flexible and easy-to-use framework, capable of capturing the heterogeneous response of fishing vessels to evaluate policy changes.
Introduction
largely invalidate the common modeling assumption that the Hawaii longline fleet is homogeneous and can be modeled using a representative vessel ( [12, 11] ).
Developing a model of individual vessel response to specific policy changes will, therefore, improve fleet-wide modeling accuracy. For managers of Hawaii's longline fishery, this has added significance given the economic prominence of Hawaii's longline fishing fleet. In 2013, the fleet landed 27,053 tons of fish and generated $88.8 million gross revenues ( [25] ). The fleet primarily targets swordfish and tuna in the Eastern Pacific and Western and Central Pacific regions. It is the largest commercial fishing fleet by revenue in the state of Hawaii, with between 124 and 135 vessels operating from 2005 to 2013 ( [25] ).
The geographic scale and environmental effects of the fishery have led managers to implement numerous regulatory policies. The fishery is subject to gear restrictions, turtle bycatch caps, and annual catch limit restrictions. In recent years, the fishery has been forced to close a number of times after these policy limits were reached. In 2006 and 2011, the fishery targeting swordfish was closed because the turtle interaction limit was reached. In 2009, 2010, and 2015, the fishery targeting bigeye tuna in the Western and Central Pacific Ocean was closed because the catch limit had been reached. There is evidence that these closures may have had a dramatic economic impact on both producers and consumers in Hawaii ( [1] ). This paper examines how policies impact individual vessels by calibrating a vessel and target-specific PMP model for Hawaii's longline fishing fleet. By calibrating at the vessel-specific level, we hope to capture the fleet's heterogeneous composition of vessels and heterogeneous response to policy changes. We also account for two primary fishing technologies targeting bigeye tuna and swordfish, and two policy relevant management areas for bigeye tuna, one in the Eastern Pacific Ocean (EPO) and the other in the Western Central Pacific Ocean (WCPO). In order to make our model computationally feasible, and economically tractable we make several assumptions. First, we assume that vessels are profit maximizing. We feel this assumption is appropriate when modeling a large commercial fishing fleet. Second, we assume economic, environmental, and biological conditions are stable, and base year observations are representative of the important economic relationships in the fishery. Under these assumptions, we model the fishery using an objective function that maximizes individual vessel profit subject to fleet-wide annual catch constraints. Individual model parameters are then calibrated to reproduce input and output levels from an observed base year (2012) . Using the calibrated model and observed catch data from 2009 to 2013, we then examine model accuracy using out-of-sample model predictions. To demonstrate the model's usefulness to fishery managers, we evaluate the impact of changing the catch limit policies for bigeye fishing in the WCPO.
Although the first application of PMP was more than 25 years ago ( [13] ), the PMP framework was formalized by Howitt in 1995. The idea was to blend mathematical programming constraints, which proved useful for modeling resource and policy constraints, with "positive" inferences based on observed input allocations and production levels from a particular base year. This approach was notably different from previous "normative" mathematical programming models ( [3, 14] ) in that it was able to exactly reproduce observed inputs and outputs without relying on numerous "flexibility" constraints, which are an additional set of constraints added by the researcher to artificially avoid corner solutions. The general PMP framework can be specified using many structural forms of production and cost functions allowing for non-linearity and substitution between inputs, and can be easily calibrated using observations from a single year. It is both consistent with microeconomic theory, and when applied to policy analysis, is able to generate smooth responses to policy adjustments.
These desirable modeling characteristics have made the PMP approach common in agricultural economic modeling. Recent versions of regional agricultural models employing PMP include SWAP in California ( [8] ), CAPRI in Europe ( [5] ), and REAP in the US ( [10] ). These models are used repeatedly to evaluate regional agricultural response to policy changes. [6] and [16] provided comprehensive reviews of regional agricultural models currently using the PMP framework and recent developments in the PMP literature. There has also been significant work on developing the economic foundations of PMP, emphasizing accurate estimation of supply elasticities to be used as priors ( [15] ), structurally consistent estimation of shadow values ( [7] ), and improved calibration methods ( [4] ).
By applying the most recent PMP framework developed by [4] , this paper builds on extensive literature modeling fleet dynamics of Hawaii's longline fishery using mathematical programming. 4 The first model by [9] , later modified by [12, 11] , applied a linear programming (LP) framework to optimally allocate fishing time across fishing regions and target species to maximize fleet-wide profits. The results, however, did not accurately reproduce observed fishing behavior. [17] evaluated the LP model and concluded that this shortcoming resulted from the omission of microlevel decision-making by vessel owners and operators. To address this problem, [22] developed a two-level two-objective mathematical programming model which incorporated the behavior of fishers as well as fishery managers, including separate objectives of recreational and commercial fisheries. Their approach produced more plausible optimal solutions, but it remained unclear whether the approximated profit maximizing behavior was representative. The model also assumed that vessels within the fleet were homogenous and was, therefore, unable to capture the variation in vessel responses to changes in management. To address fleet heterogeneity in Hawaii's longline fishery, [26] used an agent-based model. While the agent-based model was able to capture some of the detailed behavior of individual fishers, there remained a fair amount of discrepancy between predicted and observed performances. The agent-based approach to simulation also required significant model updating and refinement as well as specialized users to operate the software.
Our approach using the PMP framework is intended to be used by policy makers and managers, as well as academics. The vessel and target-specific PMP model is able to capture fleet heterogeneity, separate fishing technologies and regional policies, and measure the distributional effects from changes to fishery policy. It requires minimal data to calibrate, and is amenable to a wide range of resource and policy constraints including catch limits, and protected species interaction caps. It is also able to exactly reproduce base year inputs, costs, revenues, and profits for individual vessels without relying on additional constraints. For these reasons we feel it will be able to address previous modeling limitations.
This paper makes four important contributions to the literature. First, the paper adapts the PMP framework developed for agriculture to a framework that can be applied to fisheries in general. With only a handful of notable exceptions, research using PMP for fisheries policy analysis has been very limited. Second, by calibrating a vessel and target-specific PMP model, we are able to demonstrate a technique to examine the heterogeneous nature of the fishing fleet and the heterogeneous responses to specific policy changes. Previous literature on Hawaii's longline fishery has made significant progress to address fleet heterogeneity, but this paper provides a method that explicitly models individual vessels and fish targeting decisions, and requires less data and less effort to calibrate and conduct policy simulations than previous frameworks. Third, it provides a rigorous out-of-sample evaluation of the accuracy of PMP model predictions. Although PMP models have been used extensively for policy analysis, model predictions are rarely evaluated. The panel data we have on Hawaii's longline fishery enable us to make out-of-sample predictions for catch and evaluate the model's predictive accuracy. Finally, the calibrated PMP model of Hawaii's longline fishery provides a valuable tool for resource managers and policy analysts to evaluate the heterogeneous economic impacts of specific fishery policies and determine which policies are likely to encounter industry support or opposition.
Data
To calibrate the PMP model, evaluate its performance, and simulate policy outcomes, we used data from four sources. We obtained data on individual vessel input costs for 2005 from the 2005 cost and earnings survey ( [20] ), and for 2012 from the 2012 cost and earnings survey ( [21] ). We obtained data on annual vessel catch from 2005-2013 using the dealer data from the State of Hawaii ( [24] ). We obtained data on annual hooks deployed from 2005-2013 from Federal logbook data ( [18] ). To evaluate out-of-sample prediction accuracy we adjusted all input and output prices to 2012 dollars using the Consumer Price Index for all urban consumers nationally. Input levels for the variable costs were then scaled relative to the number of fishing hooks deployed to enable efficient optimization during model calibration and simulations. Prices of inputs were adjusted using the inverse scaling ratio to preserve the observed expenditure for each input. We were able to match vessels across data sources using vessel name, permit number, and commercial license.
In 2012, there were 129 vessels operating in Hawaii's longline fishery. Of the 129 vessels operating, 114 were represented in the cost and earnings survey ( [21] ). We imputed input cost for missing vessels using random regression imputation considering gear usage, vessel catch profile, and time spent on each target as regression variables. Variable costs were then grouped into six categories: fuel, captain pay, crew pay, bait, other, and gear. We grouped fuel and oil costs under fuel, fixed captain pay and shares paid to the captain under captain pay, combined crew fixed pay and crew shares paid under crew pay, total bait costs under bait, and gear replacement cost under gear. Table 3 shows the degree of fleet heterogeneity based on these inputs. According to the survey data, total variable costs exceeded total gross revenue for six vessels. Rather than dropping these vessels because they violated the profit maximizing assumption, we scaled their input costs such that annual profits were 0.
We then disaggregated individual vessel expenditure, catch, and revenue by three policy relevant targets: bigeye EPO, bigeye WCPO, and swordfish. The EPO and WCPO management regions are separated at 150 W longitude. Bigeye and swordfish fishing sets differ by depth, with swordfish lines set shallower than deep set bigeye lines. We used set-type and location from 2012 logbook data to calculate the proportion of total trip time spent each trip on each target. Trip target time was then aggregated by vessel over the entire year indicating how much time each vessel spent on each target for 2012. Using the dealer data from 2005-2013, we matched vessel trips to observed landings to calculate annual catch and revenue by vessel and target. Observations in the dealer data recorded daily sales. Fish sales were either recorded by individual fish or groups of fish sold together. Daily vessel revenue was calculated by multiplying pounds sold per fish, or group of fish by recorded ex vessel price per pound. The data were then aggregated on vessel and year to calculate the annual pounds of swordfish and bigeye caught, and the total value of vessel catch. These data were then used to calculate fleet-wide average price of swordfish and bigeye, vessel-specific price premium for swordfish and bigeye, and price of non-target catch representing its added value. Input expenditures for each vessel were disaggregated by target according to the proportion of time spent on each target in 2012. Table  1 summarizes the total active fleet size, and model sample size for each target over the years 2005-2013.
Model specification
The PMP framework consists of an objective function defining profit maximization and resource and policy constraints that restrict input allocation decisions. To allow for non-linearity in production and limited substitution between inputs we chose to use a generalized constant elasticity of substitution (CES) production function, and for simplicity a linear expenditure function. When paired with a CES production function, the linear expenditure function allows for smooth responses to changes in policy and resource constraints without adding more parameters to calibrate. We define subscript to index the set of 128 vessels in our sample, indexes targets EPO, WCPO, and SF, and indexes inputs for fuel, captain pay, crew pay, bait, other and gear. Given a CES specification the production function for vessel targeting is given below.
We define the scale parameter for vessel technology as α i,r , input share as β i,j,r , elasticity of substitution as ρ, and the returns to scale coefficient as δ. By relating effort to catch, the scale parameter is analogous to a vessel-specific catchability parameter in traditional fishery production models. The returns to scale coefficient is defined using a myopic definition ( [4] ) relating returns to scale to supply elasticity (η)
Because there have been no direct estimates of supply elasticity of catch in Hawaii's longline fleet, we assume η = 0.5, which lies in the range of published supply elas- Because some vessels fish more than one target, total vessels modeled can be less than the sum of each target. ticity estimates for the Gulf of Mexico fishery ( [27] ). To simplify notation, we use a transformed elasticity of substitution defined as
where the untransformed elasticity of substitution (σ) is assumed to be 0.17 for all inputs. At present, we are unable to estimate an elasticity of substitution from the data available, and the value of 0.17 allows for limited substitution between inputs, which we borrow from the agriculture literature and feel is reasonable in a fishery setting ( [8] ). Model sensitivity analyses for these assumptions are provided in Figure  3 and indicate our results are robust to changes in assumed parameter values. Although our production function only models targeted catch, fisher's revenue will depend on their ability to land quality fish, and on the value of non-target but commercially valuable bycatch. To fully capture these components of revenue we model the price of swordfish and bigeye separately for each vessel. The fleet-wide average prices for swordfish and bigeye are given by p i,sf , and p i,be , vessel-specific price premiums for swordfish and bigeye accounting for variation in quality are given by p i,sf pr , and p i,bepr , and the additional values from non-targeted bycatch are given by p i,nsf , and p i,nbe . By adding these three components together, we specify a vesselspecific price for bigeye (BE), and swordfish (SF).
This specification allows us to exactly reproduce observed vessel revenue, while only modeling the production of the policy relevant targets. Implicit in this price specification we assume the price of bigeye from the EPO is the same as bigeye from the WCPO, which we feel is reasonable given they belong to the same species and are both caught throughout the year. For simplicity, we specify a linear expenditure function. The input cost data only provides total annual costs per input, therefore we assume input prices (c i,j,r ) are 1, which implies input levels (x i,j,r ) are in dollar units. The choice set x i,j,r is the vector of individual vessel input levels for each target. Profit maximization is constrained by three policies. We model annual catch limits for bigeye tuna in the EPO (ACL EP O ) and WCPO (ACL W CP O ), and a total annual catch limit for swordfish (ACL SF ). Vessel heterogeneity implies that the unobserved value of catch for each constraint will vary by vessel. We therefore define the unobserved value of catch as µ i,r over vessels and targets. The maximization problem is given below.
Model calibration
We adapted the calibration procedure developed by [4] . Their calibration procedure is the most recent methodological advance in the PMP literature, comprehensively addressing the criticism by [7] regarding the calibration of shadow values. Rather than estimated using an LP or ad hoc measures as was done previously, all unknown parameters and the shadow values are calibrated simultaneously using the same structural forms as used in model simulations, in this case a CES production function with a linear expenditure function.
[4] calibrated a PMP model for agriculture. In agriculture, the constrained input is typically land, however, in fisheries, production inputs can be purchased at any desired level on a common market and the constrained resource is catch. We adapted the calibration procedure to account for this difference. For each target we specified a shadow value (λ r ). We then calibrated the model by minimizing the sum of squared error between observed expenditures and model expenditures resulting from the choice variable λ r as specified below.
The objective function is subject to four sets of constraints that determine the calibration of unknown parameters. The first set of constraints requires production parameters reproduce observed output (q i,r ) for each vessel and target.
The second set of constraints requires the first order conditions of profit maximization hold. The first order condition will be specified for each input, vessel, and target as below.
The third set of constraints allows us to recover the vessel and target-specific unobserved value of catch (µ i,r ).
Finally, our calibration procedure requires that for each vessel-target combination the sum of the input share parameters is one.
Calibration results
The PMP model calibration procedure is designed to calibrate unknown parameters and constraint shadow values such that profit maximizing vessels, subject to the base year resource constraints, will optimally allocate the observed base year levels of input, generating the observed outputs and revenues, and the observed expenditures. To evaluate whether the calibration was successful, we examine the range of calibrated parameter values and the differences between the observed and the modeled input levels using the base year catch constraints in 2012.
In Table 2 , we present the range of calibrated model parameters. The largest magnitude of variation is found in unobserved shadow prices of catch and the scale parameters. These parameters carry the most weight for modeling the heterogeneous responses of the fleet. The share parameters also show significant variation indicating the model captured a large amount of vessel heterogeneity in input expenditures. Across targets, the share parameter for fuel are consistently larger than the other inputs, which is expected given fuel is the largest single input cost. To verify the calibration procedure, we examine the differences between observed and modeled input levels for each input and each vessel's output using the base year constraints. The largest difference in input is 2.02x10-14% and the largest difference in output is 9.53x10-6%. Such small differences indicate that we achieve an accurate calibration of all unknown parameters, and that our model can very closely replicate the observed base year economic behavior of each vessel. To further verify the calibration procedure, we compare the shadow values to the observed average price per pound of fish. The shadow value on each resource constraint can be interpreted as the value of relaxing the resource constraint by one pound of either bigeye or swordfish. Taken in absolute value terms, the calibrated shadow values of -7.70, -7.57, and -4.45, representing bigeye catch in the WCPO, EPO, and swordfish catch respectively, appear to be accurately calibrated. When compared to the average observed price per pound of bigeye, and swordfish ($7.99, $4.30 respectively), our calibrated shadow values are within a few cents of the average observed fish prices. Although average prices and shadow values do not share the same interpretation, comparing the two does provide a useful validation of the overall calibration procedure.
Prediction accuracy
We evaluate model predictions in two ways. First, we compare predicted and observed catch from 2009 to 2013. Of the 128 vessels modeled, 126 were operating in 2013; however, going back to 2009, as few as 119 of the original 128 were previously operating (Table 1) . For each year, we simulate the model by setting the fleet-wide catch constraint less than or equal to the total observed catch of the vessels remaining from our 2012 sample. This implies that our simulated fleet size decreases as vessels operating in 2012 are no longer observed in more distant years. To account for changes in input costs over time, we adjust the cost of fuel using U.S. number 2 diesel retail price 5 and the costs for captain pay and crew pay using annual salary data from Bureau of Labor Statistics occupational profiles for farming, fishing, and forestry occupations. 6 Regressing the predicted revenue on observed revenue for the years 2009-2013, we examine the correlation coefficient and the amount of variation explained by our model (Figure 1) . We find the model performs best predicting bigeye catch in the WCPO, modestly for bigeye catch in the EPO, and poorly for swordfish catch. The best out-of-sample model predictions are made for the 2011 bigeye catch in the WCPO (R-squared=0.35, correlation coefficient=0.53). For all targets, model predictions become less accurate moving further in time away from the calibrated base year. This is expected as biological stock level, individual fishing location decisions, and environmental conditions could vary substantially over this time, while our model assumes conditions remain constant. In the short-term the model makes reliable predictions of individual vessel catch for the largest target in the fishery, bigeye in the WCPO.
Second, we evaluate the model input level predictions for each target comparing the observed input levels from the 2005 cost and earnings data to the predicted input levels simulated using our PMP model. Results are shown in Table 4 . In order to compare the values, we match vessels that appear in both sets, reducing our sample to 71, 25, and 1 for the WCPO, EPO, and SF targets respectively. Results from a paired Wilcoxon test comparing the observed and predicted input expenditures show the model significantly under-predicts all inputs except gear and bait for the WCPO target. The model tends to over-predict input costs for the EPO target, and it over-predicts all inputs except fuel for the one matched vessel targeting SF. By comparing observed expenditures in 2012 (Table 3) to 2005 (Table 4) , the primary source of prediction error is the large differences in the observed expenditures between 2012 and 2005. For instance, fundamental changes to the remuneration schemes over these years, including the wide-spread transition from crew shares paid to domestic crew to fixed pay for foreign crew, could account for the observed differences in crew pay and captain pay. We also observed a reduction in fuel expenditures in 2005 in the WCPO and EPO, and increase in SF, which could reflect a change in fishing grounds requiring more or less travel time than in 2012. Similar explanations could account for differences in other input expenditures predicted for each target. Gear and bait expenses, which we expect to be most closely tied to catch, generate the closest predictions and are not sensitive to changes in remuneration scheme or fishing location. Any changes to the fundamental cost structure of the fleet are expected to alter model parameter values and reduce the accuracy of forecasts. This limitation is common to all model based forecasts.
Policy simulations
To demonstrate the usefulness of a vessel-specific PMP model for Hawaii's longline fishery, we examine vessel responses and impacts on individual vessel catch to changes in the annual catch limit policy. We simulate two policy changes. The first is a policy that increases the annual catch limit of bigeye in the WCPO by 10% from the 2012 base year. The second is a policy that decreases the same catch limit by 10% from the 2012 base year. A 10% change in the catch limit policy is roughly in line with the agreed upon changes for bigeye in the WCPO in the next few years which will see catch limit decrease 11% from 3,763 metric tons in 2014, to 3,345 metric tons in 2017.
The vessel-specific nature of our PMP model allows us to evaluate the distributional effects of such policy changes. We expect that individual vessels will respond to varying degrees, depending on factors such as technological efficiency and profitability, which makes them more or less sensitive to policy changes. In Figure 2 , we present the distribution of catch responses given an increase and decrease in bigeye catch limits in the WCPO. The range of responses is large. With a 10% increase in catch limit, we see that vessels respond by increasing catch from less than 5% to 20%. With a 10% decrease in catch limit, the responses are symmetric to the 10% increase policy. Vessels reduce catch from less than 5% to 25%. Given the range in policy responses, individual vessels will clearly be affected differently. Some will be highly sensitive to policy changes; most will experience moderate impacts. Understanding the distributional implications is clearly important for evaluating economic impacts of fishery policies in Hawaii's longline fishery.
Conclusion
In this paper, we have shown that the vessel and target specific PMP model of Hawaii's longline fishery reliably predicts short-term effect of policies on bigeye catch in the WCPO and EPO. Model predictions are more accurate when simulating vessel responses close to the base year, but lend some insight even at further distances. By calibrating at the vessel-specific level, we are able to identify the range of economic responses to policy changes, capturing the heterogeneous nature of Hawaii's longline fleet. This more realistically models vessel responses, as well as provides an evaluation of the distributional effects of policy changes on catch, which is important for evaluating the stability of new policies. For fishery managers, the PMP model of Hawaii's longline fishery provides a valuable tool for evaluating the economic impacts of current and potential fishery policies. The PMP framework also provides a rich structural model with which we can study fisheries in general. Later work will address parameter instability resulting from fundamental changes to underlying economic relationships or environmental and biological conditions, and estimate target switching decisions made by fishers. We will also consider the effects of overlapping policy constraints such as turtle interaction caps, and explore the individual vessel characteristics that make certain vessels more sensitive to policy changes than others. 
